Abstract-Breast cancer is the most common female malignancy in the world and has recently increased markedly in Taiwan. In epidemiological studies, several high-penetrance breast cancer genes, such as BRCA1 and BRCA2, were discovered to increase breast cancer risk up Nucleotide Polymorphisms (SNPs) identified that influence breast cancer risk in genome-wide association studies (GWAS). This study collects 554 samples of breast cancer and non-breast cancer data, and implements a wrapper algorithm of attribute selection using ions motion optimization (IMO) to identify the SNP-SNP interaction. The experimental results have shown our proposed method has reasonable power to identify SNPs interactions for multi-locus interaction associated with a common complex multifactorial disease.
I. INTRODUCTION
Breast cancer is the most common female malignancy in the world and has recently increased significantly in Taiwan [1] . The morbidity and mortality rate of breast cancer were estimated 1.7 million cases and 521,900 deaths among females worldwide in 2012 [2] . Although breast cancer is curable when diagnosed early in cancer treatment, if it is recurrence or distant organs metastasis, it will become incurable and mortal [3] . Thus, early detection of the disease and discovery of number of genetic variants are very important and valuable for prognosis and treatment. Breast cancer is known to be caused by multiple genetic and nongenetic (environmental) factors, perhaps the interaction between the two factors [4] . In epidemiological studies, several high-penetrance breast cancer genes were discovered, such as BRCA1 and BRCA2 increase breast cancer risk up to 20-fold. Recently, there are more than 70 single nucleotide polymorphisms (SNPs) were identified that influence breast cancer risk in genome-wide association studies (GWAS) [5] - [7] .
SNPs play a very important role in high risk disease identification. It is known as the most common type of DNA sequence variation and can affect the gene expression. The SNPs are defined when a nucleotide (A, T, C and G) changes more than 1% or greater within the human population [8] . New opportunities and challenges had been presented to find association between genetic polymorphisms and phenotypes to GWAS with the completion of the Human Genome Project (HGP) and the international haplotype map project (HapMap) in the last decade. GWAS are most of the complex diseases with high correlation rates in case-control studies from SNP that examine SNP-SNP interaction to determine genetic multifactorial associated with biological mechanisms and individual risk prediction [9] - [12] .
Traditionally, the parametric linear statistical model is a poor epistasis detection approach which has some limitations designed for single-locus, such as it does work on statistical modeling of non-linear interactions and considering multiple SNPs simultaneously [13] . The advantages of computational methods in the machine learning are presented to solve the limitations of linear parametric statistical methods. Data mining is a tool based on machine learning concepts for high dimensional data which has been applied in GWAS. Several data mining approaches have been proposed such as multifactor-dimensionality reduction (MDR) [9] , [12] , Random Forest (RF) [14] , [15] , multi-objective ant colony optimization (MACOED) [16] and Bayesian epistasis association mapping [17] .
In this paper, we implement a wrapper algorithm of attribute selection using ions motion optimization (IMO) for SNP-SNP interaction identification. IMO was used to select the polymorphisms and evaluate whether the selected combination of locus affect the high risk. The accuracy rate of prediction was determined using SNP interactions displaying no Marginal Effects (INME) [10] with k-fold cross-validation. This study collected 554 samples of breast cancer and non-breast cancer data, and the genotyping was determined by PCR-Restriction Fragment Length Polymorphism (RELP). Those SNP data were analyzed by machine learning approach for SNP-SNP interaction with disease risk prediction. 
A. Ions Motion Optimization (IMO) Algorithm
A physics based metaheuristic optimization algorithm has been proposed for global optimization problems by Javidy et al. in 2015 [18] . It is inspired by the nature of the ion motion. The ions are divided into anion (negative charge) and cation (positive charge) that represents candidate solutions to the particular problem. The ions motion utilizes attraction/repulsion forces between two ions to move the position around the feasible search space. The forces are represented as acceleration of ions motion, anions are according to the best fitness of cation and cations are according to the best fitness of anion. Two strategies of the movement calculation are called liquid phase and solid phase for diversification and intensification in search.
B. IMO for SNP-SNP Interaction Identification
This paper presents an IMO algorithm for identification of SNP-SNP interaction revealing highorder interactions problem from case-control studies. We used the heuristic algorithm to find the best multi-locus combination to identify the high risk multi-locus genotypes. The flowchart is shown in Fig. 1 and the detail process is described as follows.
Step 1) Initialize population A population consists of N Anion/Cation moving around in a D-dimensional search space. The position of the ith Anion and ith Cation can be represented by A i = (a i1 , a i2 , …, a iD ), C i = (c i1 , c i2 , …, c iD ), respectively. Initialize population of Anions and Cations with uniform random position A ∈ {a 1 , a 2 , ..., a N } and position C ∈ {c 1 , c 2 , ..., c N }, each position of an ion is a candidate solution for multi-locus genotypes.
Step 2) Fitness calculation The fitness calculation is used as accuracy estimation from INME disease model (example shown in Fig. 2 ). SNP interaction refers to combinatorial effect of genetic variants that observes the marginal effect on the frequency in cases and controls for the combination between the SNPs phenotype distribution. This model can easily obtain disease risk estimation from the cases: controls ratio. If the ratio exceeds threshold (e.g., ≥ 1.0) which is labeled as high-risk, or as low-risk, if the ratio is not exceeded. A prediction contingency table (Table I) is generated from the case-control, high-low risk and training-testing samples, then the accuracy is calculated. Step 3) Update best and worst Anions and Cations Determine the global best and individual current worst solution Abest and Cbest according to the fitness evaluation results (i.e., training accuracy).
Step 4) Force evaluation The repulsion forces are ignored for search space [18] . The attraction force computation is evaluated from distance between ions; the measurement can be defined as follow:
where , = | , − | is the distance between anion and best cation, , = | , − | is the distance between cation and best anion. AF i,j and CF i,j represent resultant attraction force of anions and cations, respectively.
Step 5) Update position of Anions and Cations In IMO, each ion is updated based on the attraction force as following equations: Step 6) Distribute Anions and Cations by external force
In order to escape entrapment in local optima, when the solid phase condition is satisfied, the external force is calculated, and the formula is shown as follows: where Φ 1 and Φ 2 are random numbers in range of -1 to 1. rand 1 ( ), rand 2 ( ) and rand 3 ( ) are random numbers in range of 0 to 1. AworstFit and CworstFit are the worst fitness solutions of anion and cation, respectively.
Step 7) Stopping criterion Repeat steps 2-6 until a certain number of iterations have been completed. Consequently, the best training accuracy and best multi-locus are obtained.
III. RESULTS

A. Data Sets
The experimental data sets of this study were obtained from our previous breast cancer association study [19] . The data include 220 pathologically confirmed female breast cancer patients and 334 female control participants. The SNPs of seven genes were used in this data included CD4, CCR7, CXCR4, CXCL12, VEGF, MMP2 and KITLG. The cases and controls study was conducted from Kaohsiung Medical University in Taiwan. The baseline characteristics of breast cancer data for cases and controls is shown in Table II . Table III summarizes the means and the standard accuracy of the means (SAMs), the cross-validation consistency, the training accuracy and the testing accuracy obtained from IMO analysis of the breast cancer case-control data, for each number of loci evaluated. The reported cross-validation consistency is the number of cross-validation intervals that a particular SNP combination was chosen by IMO from the average of 100 runs. One tow-locus model had a higher cross-validation consistency of 10, the accuracy are 61.86 ± 0.04 (training) and 57.99 ± 0.94 (testing), and the best model chosen was CXCL12 (rs1801157) and KITLG (rs10506957). Fig. 3 shows the identification of SNP-SNP interaction which is corresponding to the distribution of genotype frequencies of cases and controls in the best combination of two-locus by IMO. As shown in Fig. 3 , each multi-locus genotype combinations are divided into the cells, the left bar in cells represents the corresponding distribution of cases and controls on the right bar. 
B. Experimental Results
C. Analysis of the Differences between Cases and
Controls in Two-Locus Table IV shows the difference between cases and controls in two-locus. The most difference between case and control was found in the SNP4-genotype GG and SNP7-genotype CT (i.e. 11 -4 = 7), indicating that this combination is dominant in case. The SNP3-genotype TT and SNP4-genotype GG showed the most difference between control and case (i.e. 137 -69 = 68), indicating that this combination is dominant in case. Consequently, the difference in control-dominant is larger than the difference in case-dominant. The difference distribution between case and control shows a lower risk rate in this data except SNP4 and SNP7. However, our proposed approach can find the best model for SNP4 (CXCL12) and SNP7 (KITLG).
IV. DISCUSSION
MDR is a non-parametric statistical method and no need to assume a specific genetic model for the detection of high-dimensional SNP interactions [9] , [12] , [13] . It has been used in epistasis detection classically and widely over the past decade. MDR has a robust statistical computing algorithm and can effectively identify high multi-factorial SNP interactions in the lack of marginal effects. However, MDR remains an exhaustive search that leads to computationally very intense and depends on the computing resources largely [10] , [11] . Assuming that there are n dimension genotype data and m-locus are chosen, then we get the combination formula: C(n , m) = ! ( − )! ! . Therefore, this study presents a heuristic search algorithm to replace brute-force search algorithm. The goal of our proposed approach is solving high-dimension data for SNP-SNP interaction identification of multilocus.
In machine learning area, overfitting problem appears when computationally intensive search algorithms. If the set of training data are too close, it will lead to the poor quality prediction. In order to avoid overfitting, some additional techniques have been proposed, such as crossvalidation, regularization, and early termination or resampling [20] . However the best way to avoid overfitting is to use an abundant amount of training data. In this paper, the k-fold cross-validation was used.
We have implemented IMO as an approach for SNP-SNP interaction of multi-locus information detection, to search the classification of best combinations in SNPs with marginal effects that associate with the risk for complex diseases. IMO algorithm has the advantages of few number of tuning parameters (only population size and number of iterations), low computational complexity, fast convergence and high local optima avoidance [18] . In this paper, the parameters of IMO were set with the values, the population size 40 and the number of iteration 100. run 100 times for detecting interactions independently. Although the dimension of breast cancer data just only seven SNPs, it has been verified to possess potential epistasis detection algorithm for high-dimension data. In fact, many heuristic algorithms had been proposed in this area and obtained high performance outcome, such as genetic algorithm [21] and ant colony optimization [16] .
V. CONCLUSION
In this paper, we have proposed a detection method, IMO algorithm with the k-fold cross-validation, for SNP-SNP interaction: using the SNP data of breast cancer. The results of this study demonstrated that our proposed approach can obtain a better identification ability based on the cross-validation consistency and prediction accuracy. For future work, the IMO algorithm will be implemented on the simulation data and other complex diseases data.
